A number of studies have estimated how much energy conservation is achieved by providing households with real-time information on energy use via in-home displays. However, none of these studies tell us why real-time information changes energy-use behavior. We explore the causal mechanisms through which real-time information affects energy consumption by conducting a randomized-control trial with residential households. The experiment disentangles two competing mechanisms: (i) learning about the energy consumption of various activities, the "learning effect", versus (ii) having a constant reminder of energy use, the "saliency effect". We have two main results. First, we find a statistically significant treatment effect from receiving real-time information. Second, we find that learning plays a more prominent role than saliency in driving energy conservation. This finding supports the use of energy conservation programs that target consumer knowledge regarding energy use.
Introduction
Reducing energy use is now a major policy goal in most developed and many developing countries. In-home displays (IHDs) have received increasing attention as an effective tool to encourage energy conservation. IHDs are designed to give electricity consumers detailed, real-time information about electricity use and cost. A number of studies have estimated how much energy conservation is achieved by providing households with IHDs (as opposed to monthly electricity bills, which provide information about aggregate usage and charges).
However, none of these studies tell us why IHDs change energy-use behavior. In other words, what are the causal mechanisms through which these devices are working? Is it because the devices update consumers' beliefs about how much power different appliances use? Is it because IHDs make energy use more salient as residents are constantly reminded of their energy consumption? While the first hypothesis implies the presence of a "learning effect," the second hypothesis implies the presence of a "saliency effect". This paper represents an initial attempt to disentangle the mechanisms through which real-time information affects energy consumption behavior by conducting a field experiment.
The goal is to push the research agenda on real-time information beyond reduced-form questions of "Does the device have any effect?" towards a deeper structural understanding of "Why is this device affecting behavior?" This may have critical policy implications. For example, if learning about the energy consumption of various household devices is the reason why real-time information induces energy conservation, then this advocates for a particular suite of energy efficiency policies (e.g., educational outreach, labeling electronic appliances with their energy consumption, etc.). On the other hand, if the real benefit of having IHDs is as a constant "nudge" or reminder, then this suggests a very different set of energy efficiency policies (e.g., finding the best medium and timing to remind consumers about their energy consumption). Furthermore, understanding why IHDs work in a real field setting should help in the design of future IHDs.
In this paper, we present the results of a randomized-control experiment with 65 residential households in the same condominium complex in a large US city. In the experiment, we randomly assign households into one control and two treatment groups. After installing data-collecting devices for each household, the control group has their energy consumption monitored but does not receive an IHD during the experimental period. The two treatment groups have data-collecting devices installed, and then receive IHDs but with one critical difference. The "Saliency" treatment group has access to their IHDs for the entire duration of the experiment, while the "Learning" treatment group loses access to their IHDs in the last month of the experimental period. By comparing how electricity use changes over time and across the three groups, we are able to (i) estimate the amount of electricity conservation attributable to IHDs, and (ii) disentangle whether learning about energy use is sufficient to sustain energy conservation or whether having a constant reminder of energy use is necessary for energy conservation.
Although our sample size is small, our simple experimental design illustrates lessons that are extremely relevant to the rollout of IHDs. In line with previous studies, we observe an average reduction in electricity consumption between 0 and 11%, depending on the time of day. This effect gets weaker over time (again in line with previous studies) and the reductions appear to be driven primarily by learning and not by saliency effects. The rest of this paper is organized as follows: Section 2 provides a brief literature review, Section 3 explains the conceptual framework, Section 4 presents the experimental design, Section 5 summarizes our main findings and Section 6 concludes.
Literature Review
Many studies have used experiments to better understand energy conservation programs (see Abrahamse et al. (2005) for a review). An obvious method to achieve energy conservation is to provide economic incentives to reduce energy consumption (Winett et al., 1978; Midden et al., 1983; Petersen et al., 2007; Mizobuchi and Takeuchi, 2012) . A number of empirical studies have estimated how detailed information on power use can contribute to energy conservation (Sexton et al., 1989; Wood and Newborough, 2003; Delmas et al., 2013) . Building on Sexton et al. (1989) , Matsukawa (2004) measured the effect of information (provided by a continuous-display, electricity-use monitoring device) on residential electricity demand in a field experiment with 319 randomly selected households. Subjects were randomly assigned to either a control or treatment group. Only the treatment group members had free provision and installation of monitors. Results demonstrated that monitor usage contributed to a modest reduction in electricity consumption. In terms of possible causes for the small effect, the author argues that subjects might have found the monitors difficult to operate and that updates in electricity use were not frequent enough (subjects received hourly not real-time information). Faruqui, Sergici and Sharif (2010) review a number of pilot programs worldwide that focus on the energy-conservation impacts of IHDs as well as alternative electricity rate structures.
Among the programs that tested the effect of IHDs on electricity consumption (where the test period ranged from three months to two and a half years), the average reduction in energy use was 7%, and the largest reduction observed was 13%. Fischer (2008) reviews a number of studies on IHDs, most of which have been published in the psychology literature. IHDs tend to achieve energy conservation gains between 5 and 12%. Houde et al. (2013) find average reductions of 5.7% but this effect only lasts for four weeks. The common theme in the literature is that in-home displays encourage people to reduce their energy consumption by 5-10%.
As Gillingham et al. (2009) explain, the literature on energy efficiency has debated the existence and extent of the "energy efficiency gap," i.e., a "significant difference between observed levels of energy efficiency and some notion of optimal energy use" (p.602). Consumers' lack of information about energy efficiency and "behavioral failures"-systematic biases in consumer decision making that lead to underinvestment in energy efficiency (or energy overuse)-are the identified factors behind the energy efficiency gap. Consumers often lack sufficient information about how much energy different appliances use and how much they cost to run.
1 Even when information is available, processing detailed information about the energy prices of each appliance and figuring out optimal electricity use would be challenging and costly for consumers. As for behavioral failures, bounded rationality (cognitive constraints in processing information to optimize consumers' energy use) and heuristic decision-making (i.e., non-optimal decision making that reduces the cognitive burden of decision making) have been discussed in the literature as reasons for the energy efficiency gap. All of these hypotheses could explain why energy over-use may result when residents have access to only aggregate, monthly electricity use data. Introducing IHDs may enable consumers to make more optimal energy use decisions; a common assumption in the literature is that optimal energy use implies less energy use, i.e., behavioral biases are unidirectional. There is some evidence to support this assumption: a recent study (Attari et al., 2010) of an internet-based survey finds that people tend to underestimate the energy used by household appliances (e.g., air conditioners) and the amount of energy savings from efficiency-enhancing activities (e.g., switching to high-efficiency light bulbs).
Yates and Aronson (1983) found that consumers attach disproportionate weight to more psychologically vivid and observable factors, often called the saliency effect. Fischer (2008) reviews IHD projects that vary the frequency with which consumers receive information about electricity use; she finds that more frequent feedback results in larger energy savings. This is suggestive of a saliency effect but could also be explained by learning. There has been little work to distinguish whether one hypothesis is more plausible than another. Dietz (2010) Gillingham et al. (2009) list prospect theory, bounded rationality, and heuristic decision making as the three primary behavioral models applied in the context of energy efficiency. The following model incorporates bounded rationality to try to explain why real-time information might induce energy conservation. In particular, the model describes residential energy users' decisions when there are costs to collecting information about energy use and to implementing energy efficiency improvements. This framework allows us to highlight the role of saliency and learning as mechanisms through which real-time information influences household energy conservation.
A Model of Energy Use with Learning and Salience

Assumptions
For simplicity, we take a household as a single decision maker who makes energy-use decisions for rounds over a typical utility billing period (say a month). Let ! ≥ 0 be the household's consumption of "energy services" in round . Let ≥ 0 be the consumption of the numeraire over a month. The household faces a flat energy charge of > 0 per unit, and allocates its given monthly income > 0 over the consumption of "energy" ! ≥ 0, = 1,2, … , and the numeraire. 3 Energy service ! and the purchase of energy ! have the following relationship:
observe behavior after IHDs are removed. Reassuringly, both studies suggest that learning is more important than saliency. 3 We abstract away from the block rate structure typically observed with utility pricing.
where ! > 0 represents the units of energy that the household requires to realize a unit of energy service.
Though could be large (it includes the sum of the number of times each appliance is turned on and off), for simplicity let = 2. The household's utility is a function of its consumption of energy services and the numeraire:
The specification of a quasilinear utility function allows us to abstract away from the income effect on energy service consumption. 4 We assume no discounting within a billing period. Let
, with = 2 for a concrete illustration. 5 If the household is informed of the relationship between ! and ! , then the household's utility-maximizing problem over a billing period is given by: 
Suppose now that the household is not informed of the value of ! . As argued in the literature (e.g., Simon 1956 , Gillingham et al. 2009 ), we assume that it is costly for the household to (i) collect information about ! and then (ii) attempt to improve energy efficiency by applying ! to the utility maximization problem. Let ! be the cost of identifying ! , and ! be the cost of processing the information for utility maximization. While ! would include the opportunity cost of going over the monthly energy bill in detail and conducting research to check the power usage of each appliance in the house, ! would include the cognitive cost of remembering this information and using it to implement an optimal energy use plan.
Suppose that, without knowing the values of ! , the household uses ℎ units of energy to derive a unit of energy services in each round. We assume ℎ > ! for all : the household consumes more units of energy to derive a unit of energy services. Furthermore, in the absence of real-time information (i.e., every round in the model's context) about the energy requirement, it is assumed that the requirement parameter is the same across rounds. The uninformed household without information acquisition then solves:
The demand for energy satisfies
, which is larger than ! * ( ) in all rounds given any price level. The maximized value is given by:
Note that * − ! ≥ 0. The household will not acquire information and implement energy conservation if the gains are smaller than the cost:
Learning and saliency
When real-time information is given free of charge, the household does not have to pay for ! to realize the values of ! , and can now realize energy efficiency if
Furthermore, the cognitive cost required to remember information and how to use it is lowered from ! to !! so energy efficiency is realized if
The process of learning allows the household to continue to optimize consumption when access to real-time information is terminated. After being exposed to real-time information (and losing access to it), the cost of information acquisition becomes smaller, with !′ < ! . In addition, !! returns to ! . Let ∈ [0,1] represent the extent (or productivity) of learning. Assume the household's energy requirement after the learning process is:
When = 1, learning allows the household to implement the energy savings in the case of full information, whereas with = 0, learning is not effective. Let
be the maximum value after learning with productivity . The household makes use of learning and conserves energy if
The higher the learning productivity and the lower the cost of collecting information under learning !′ , the more likely this inequality holds.
The above conceptual framework reveals that whether the learning or saliency effect prevails depends on each household's characteristics regarding energy efficiency decisions: the costs of information acquisition ( ! , !′ ), the cost of information processing ( ! , !′ ) and the extent of learning ( ). If is large and !′ is small enough, then the household would continue conserving energy after losing access to real-time information (because of learning). If !′ is close enough to ! , then the household would continue conserving energy, because saliency is not that important. However, if !! is close to ! and is small (it's hard to acquire information and learning is weak), then households will return to their old habits after losing their IHDs. Likewise, if !! is small, households with IHDs will continue to have lower levels of electricity use relative to those who had them removed, even if learning is strong.
Experimental Design
Hypothesis Tests
This research aims to identify the mechanisms through which real-time information This experimental design allows us to identify the primary effect of receiving real-time information. Since there is existing evidence of people reducing their energy consumption if they receive real-time information, our first testable hypothesis is the following:
Hypothesis 1: Real-time information reduces residential households' energy consumption.
[L1+S+RL1+L2<0]
We will test this hypothesis by comparing the control group and the treatment groups' electricity use before and after receiving the devices, i.e., Period 0 compared to Periods 1 and 2 (see Table 1 ). The econometric model we use follows the preferred specification in Houde et al. (2013) , who ran a very similar experiment using the same devices. Next, we move to identify why people reduce their energy consumption. To test this deeper question, we examine behavior over three experimental periods (Table 1) . Our second testable hypothesis is the following:
Hypothesis 2: Real-time information induces energy savings by causing households to learn more about their individual energy use. [L1+RL1+L2<0]
In order to test Hypothesis 2, we will examine if the Learning group's electricity consumption in Period 2 is the same as the control group's electricity consumption in Period 2 (if RL1<0 then this implies that L1+RL1+L2<0). If there is a difference between the control group and the learning treatment group, then the difference comes from behavior changes induced by the IHDs that persist once the IHDs have been removed. We have labeled this the remaining learning effect (RL1) but this may also be due to the formation of good habits. We will use results from an exit survey to determine whether RL1 is due to learning or habit formation. In particular, we test if households in the Learning group are still just as informed as the Saliency group about the energy consumption of various appliances, even though households in the Learning group have not had access to an IHD for a month. However, if RL1=0, then this indicates no remaining learning effect. Our third testable hypothesis is the following:
Hypothesis 3: Real-time information induces energy savings by making energy use more salient.
[S<0]
In Period 2, the households who belong to the Learning group do not have IHDs, which means they do not receive any real-time information. That is, they are not constantly reminded of their electricity consumption by the IHD. In order to test Hypothesis 3, we will examine if the Learning group's electricity consumption in Period 2 is equal to the Saliency group's electricity consumption in Period 2. If there is no difference, Hypothesis 3 is rejected (L2+S=0 in Table 1 ).
That is, saliency does not matter for reducing energy consumption and, furthermore, there is no learning effect in Period 2. 
Experiment procedure
In order to conduct the proposed field experiment, we recruited households at a condominium complex to voluntarily participate in the experiment. In order to give the residents incentives to participate in the experiment, the residents were notified in advance that they would be able to keep the installed IHDs free of charge after the end of the experiment. Eventually, 65
households voluntarily participated in the experiment. Unfortunately, the devices only recorded accurate data over the entire experimental period in 58 out of the 65 households. 7 In terms of housing units, they are all fairly homogeneous: virtually all units have an identical, 2-bedroom 6 Note that, based on the existing literature and our theoretical setup, we are assuming that the learning and saliency effects are negative (<0), i.e., they reduce energy consumption if they have any effect. 7 One subject in the saliency treatment group moved out during the experiment -around the end of Period 1 -so we only use this household for the testing of Hypothesis 1.
floor plan, identical room designs, electricity circuits, and lighting structures. All households have the same basic appliances: oven, refrigerator, water heater, etc. Based on survey responses, we found that almost all households have a TV set and desktop computer. Households pay their electricity bills by themselves. As stated earlier, we randomly assigned households to three groups: one control and two treatments. 17.79 hours per day on weekends. There were no statistically significant differences between treatment groups in terms of these important determinants of energy use. There may, of course, be unobserved differences between households so all of our regression models include household fixed effects.
We used two main devices for this experiment: an electricity measurement device and an IHD. The electricity measurement device was installed in each unit's circuit breaker panel at the beginning of the experiment, and we also conducted an initial survey at this point. After we confirmed that the recording devices were working well, we distributed IHDs to the two treatment groups. IHDs provide users with real-time information about their energy consumption (in both kWh and in dollars). 8 The IHD is portable, so that households using it can easily walk around, switch various devices on and off, and identify how much electricity various devices consume. 9 Overall, the experiment lasted for approximately 90 days, depending on the exact date of measurement device installation and final debriefing. There was minimal temperature, climatic or precipitation changes over this three month period.
Analysis and Results
First of all, we summarize the average electricity consumption by group and by period. for Saliency).
Energy saving behaviors could be very different at different times of the day. Therefore, we also consider average hourly consumption in kWh by each treatment group in each period at different times of the day. We focus on four time periods: morning (6-9am), daytime (10am-5pm), evening (6-9pm), and night (10pm-5am). Table 3 presents average electricity consumption for these four time periods across treatments and across experimental periods. Most of the interesting changes in behavior occur when people are at home so we focus on those time periods. We start with the morning, 6-9am (Figure 2 ). In the control group, the average consumption decreases slightly from Period 0 to Period 1, and then increases from Period 1 to Period 2 to a higher level than Period 0. In the Learning group, the average consumption decreases noticeably from Period 0 to Period 1, then increases from Period 1 to Period 2, but is still lower than Period 0. In the Saliency group the trend is the same, the average consumption drops dramatically from Period 0 to Period 1, then rebounds from Period 1 to Period 2, but is still lower than Period 0.
Next, we look at 6-9pm (right hand side of Figure 2 ). In the control group, the average consumption increases from Period 0 to Period 1, and then decreases from Period 1 to Period 2, to end up lower than Period 0. In contrast, in the Learning group, the average consumption decreases from Period 0 to Period 1, and then decreases again from Period 1 to Period 2. In the Saliency group, the average consumption decreases from Period 0 to Period 1, and then decreases again from Period 1 to Period 2. Overall, both treatment groups reduce their consumption from Period 0 to Period 1, whereas the control group increases their consumption during this time frame. This suggests that the IHDs are having a stronger and more persistent effect on behaviors in the evening. This is perhaps due to households having more flexibility to change their behavior in the evening compared to the rush to get ready for work and school in the morning.
Figures 1 and 2 certainly suggest that the IHDs are having an effect on behavior. We now use formal regression analysis to empirically estimate the effect of having an IHD on electricity consumption. Houde et al. (2013) . Because all subjects in our sample live in the same area, the weather variables used in Houde et al. (2013) are not considered here; the time fixed effect captures any weather differences across days. As for the time horizon, we consider all Periods and then just Periods 0 and 1. We estimate our main regression separately for the four different time periods during the day (6-9am, 10am-5pm, 6-9pm, and 10pm-5am) and for the whole day (12am-11pm). In Table 4 , the coefficient on the IHD effect, , is presented. It is negative and statistically significant for the 6-9am time period (all Experimental Periods and just Periods 0 & 1), and for the 6-9pm time period (all Experimental Periods). The rest of the coefficients are insignificant. These results are almost identical to those found in Houde et al. (2013) : strong effects in the morning and evening but mixed results overall.
In addition to the model used by Houde et al. (2013) , we can also estimate the IHD effect using a standard Difference-In-Differences (DID) model, and by dropping the household fixed effects. Tables 5 and 6 show the OLS results of estimating the following DID model: (6-9am and 6-9pm) but the overall daily effect is not statistically significant.
The interpretation of these results is as follows: through having the IHD, households with
IHDs were able to adjust their consumption down during times of the day when they were at home and using a large amount of electricity. In contrast, the results of the 10pm-5am and the 10am-5pm measurements imply that subjects did not change (or might have even slightly increased) their consumption when they were out of the house or asleep. Therefore, we conclude that having an IHD has an effect on electricity usage in the morning and the evening. We also ran the above regressions without household fixed effects but including a suite of controls. Our main results are unchanged. The only controls that turn out to be statistically significant are the number of people in a household (which is positively correlated with energy consumption) and a dummy variable for having a water hear timer (which is negatively correlated with energy consumption).
One of the most striking findings in Houde et al. (2013) is that the effect of having an IHD declines rapidly over time. To estimate whether we also observe a "decreasing IHD effect", we estimate the following model for our 6-9am and 6-9pm samples:
where the coefficients and variables have the same interpretation as before with Expday representing a daily time trend starting on the first day that households received an IHD. The results are presented in Table 7 . We see that, just like Houde et al. (2013) , the effect of the IHD in the morning is getting weaker over time. With each additional day, the reduction in energy use gets smaller and smaller. Interestingly, we also observe a time trend at 6-9pm but in the opposite direction: the effect of the IHD appears to get stronger over time. Both sets of results strongly suggest that there is a temporal component to the ways in which IHDs change behavior. The various effects gradually build up or fade away over time.
Next, we move to a deeper investigation. Based on the previous literature (Houde et al., 2013) , we test for both constant learning (and saliency) effects and declining learning (and saliency) effects. Before trying to identify the causal mechanisms, we review our two hypotheses, the learning effect and the saliency effect. The learning hypothesis states that people reduce their energy usage when they receive real-time information due to better knowledge of how different devices consume electricity. The saliency hypothesis is that people reduce their energy usage due to being constantly reminded about their consumption.
We start by assuming that the learning and saliency effects are constant through time.
The first panel of Table 8 shows the OLS results of estimating the following model:
where the dummy RL1 i,t takes the value 1 for those who had an IHD in Period 1 and are currently in Period 2. We test the remaining learning effect in Period 2 (RL1) by comparing the control group with the Learning group in Period 0 and Period 2. Based on this test, there is no statistical evidence of a strong learning effect.
The second panel of Table 8 shows the OLS results of estimating the following model:
where the dummy (L2+S) i,t takes the value 1 for those who still have an IHD in Period 2. We test the existence of a saliency effect in Period 2 by comparing the learning group with the saliency group in Period 0 and Period 2. Based on this test, there is no strong evidence of a saliency effect, except during 6-9pm, where the effect is statistically significant at the 10% level.
The third panel of Table 8 shows the OLS results of estimating the following model:
where the dummy (L1+S) i,t takes the value 1 for those who had an IHD in Period 1, and are currently in Period 1. The dummy RL1 i,t takes the value 1 for those who had an IHD in Period 1, and are currently in Period 2, which is a common dummy variable for the treatment groups. The dummy (L2+S) i,t takes the value 1 for those who had an IHD in Period 2, and are currently in Period 2. We test these effects by comparing all groups in Periods 0, 1 and 2. This confirms our early finding of a combined Learning and Saliency effect but doesn't provide any statistical evidence to disentangle between the two. Interestingly, the daily effect (i.e., averaging over all hours of the day) is now statistically significant at the 10% level, suggesting IHDs reduce overall consumption by 3.5% in the first month of use.
Finding 2: There is no strong time-invariant RL1 or (L2+S) effect.
So far, we have assumed time-invariant behavioral effects. However, such effects might decrease over time as was demonstrated in Houde et al. (2013) and our earlier analysis. In order to test whether learning and/or saliency effects exist but are declining over time, we conducted a series of regressions with time interactions. Table 9 summarizes the results. The model of the first panel of Table 9 is as follows:
where the dummy RL1 i,t takes the value 1 for those who had an IHD in Period 1, and are in Period 2 on that day, and the value 0 otherwise. The Expday*RL1 i,t is an interaction term, which interacts RL1 i,t with a daily time trend. A positive coefficient on the interaction term indicates a declining learning effect. In Table 9 , we find a large statistically significant effect for the 6-9am time period. Having exposure to the IHD in Period 1 reduces consumption by 17% but this effect declines 0.72 percentage points per day.
The second panel of Table 9 shows the OLS results of estimating the following model:
where the variables have the same interpretation as before. We are testing the existence of a saliency effect in Period 2 by comparing the learning group with the saliency group in Period 0 and Period 2. We don't observe a very strong effect, either in terms of magnitude or statistical significance. The third panel of Table 9 shows the OLS results of estimating the following model:
where the variables have the same interpretation as before. We test for these effects by comparing all groups in Periods 0, 1 and 2. We find all three effects ((L1+S), RL1 and (L2+S)) are statistically significant but the saliency effects in period 2 actually increases energy consumption. In summary, we find evidence for a learning effect that is decreasing over time.
We fail to find strong support for the saliency hypothesis, especially after a few weeks of having the IHD. In fact, we find (L2+S)>0. Our results are therefore roughly consistent with RL1<0 but not S<0.
Finding 3: We observe a declining learning effect but no saliency effect.
As a further test of the learning effect, at the end of the experiment, we surveyed households about the electricity consumption of various devices. on each device. Figure 3 summarizes the results of the survey. Note that the Learning group households have not had access to an IHD for over a month at this point and control households have not received their IHD yet. The figure clearly demonstrates that households have learned something relative to the control group and there does not appear to be any differences between the beliefs of the Saliency group and the beliefs of the Learning group. For three out of the four devices, the Learning group is actually closer to the actual energy consumption compared to the Saliency group. Although this represents stated beliefs and not actual behavior, it strongly corroborates our earlier findings that the learning effect appears to be stronger than the saliency effect. Furthermore, one obvious confound in our experimental design is that we cannot strictly disentangle learning (updating beliefs) from habit formation (changing behavior and then sticking with it) but there is little support in our data for habit formation. As evidence of this, energy-saving behavior does not persist over time but accumulated knowledge does appear to persist.
Conclusion
Building on the existing literature that studies whether IHDs reduce residential electricity consumption, this paper explored the causal mechanisms behind the effect of receiving real-time information on electricity consumption. In particular, we attempted to disentangle whether the effect is because information enables households to learn about their energy consumption or if it is because in-home displays make energy-use salient by constantly reminding households of their energy consumption. The first main result of our randomized-control field experiment is that those who received real-time information about their electricity consumption reduced their consumption in the morning and the evening but not at other times of the day. Furthermore, the effect appears to diminish over time. These findings are almost identical to those in a very similar study (Houde et al., 2013) . In addition, we also provide new evidence on the mechanism behind the energy-conservation effects of real-time information: we find support that this effect is driven by learning effects and not by saliency effects. This finding suggests that energy-conservation policies that target learning (e.g., educational outreach, labeling electronic appliances with their energy consumption) might be more cost-effective than the expensive process of installing devices that provide a constant reminder of energy use. Our study does not rule out the existence of saliency effects but they do not stand out. For example, the Saliency group does not have lower consumption in Period 2 and they do not outperform the Learning group on the exit survey.
To the extent that households in the condominium complex respond to IHDs differently from the average US household, a simple extrapolation of the findings from this study to wider contexts may be misleading. The sample size constrained the number of treatments that we could implement without making the size of each treatment group too small. Introducing further appliances: environment, behaviour and design. Energy and Buildings, 35(8) Notes: "No Information" means that the residents in the corresponding group receive no information beyond their monthly electricity bills. "Receive information" means that they receive in-home displays, which provide additional real-time information. The potential treatment effects are in parentheses. "L1" means the learning effect occurring in Period 1, "S" means the saliency effect, "L2" means the learning effect occurring in Period 2, "RL1" means the remaining learning effect from Period 1. 
